Objective: To measure the relationship between days spent waiting for primary care and health outcomes among patients diagnosed with diabetes, especially among the elderly population.
Background
Delayed access to health care in the United States frustrates patients and concerns policymakers (Cunningham and Felland 2008; Lukas et al. 2004; U.S. GAO 1993) . The Institute of Medicine's Committee on the Quality of Health Care in America (2001) highlighted reducing delays as one of six aims for improving the quality of America's health care system. Beyond the inconvenience to patients of not being able to access physician care when wanted, policymakers assume delayed access to health care negatively affects health outcomes through decreased or foregone health care utilization that delays diagnosis and treatment (IOM 2001; Kenagy, Berwick, and Shore 1999) . Survey data support this link.
In the 2007 Community Tracking Study, 35% of respondents with foregone or delayed health care did so because they could not get an appointment soon enough (Cunningham and Felland 2008) .
Concern about waiting times is particularly timely now because major health reform that expands access to insurance coverage recently became law. The expansion of health insurance without a concomitant expansion in the supply of health care services to respond to the increased demand will result in longer waits (Buchmueller et al. 2005; CBO 2008 ).
Due to limited data on wait times, research testing the relationship between waiting for care and health outcomes is rare. One of the only sources of administrative data on wait times is the Veterans Health Administration (VA). Two separate studies using VA data support concerns about delayed access leading to poor health outcomes among a sample of veterans receiving geriatric clinic care. Prentice and Pizer (2007) found that elderly veterans who visited VA facilities with an average wait time of 31 days or more were significantly more likely to die compared to veterans who visited VA facilities with shorter waits. This study used random effects to account for unobservable characteristics of facilities, such as facility quality. If these characteristics were correlated with wait times, the estimated effect was confounded. Using the same sample, a subsequent study examined the relationship between waiting for outpatient care and the risk of ambulatory-care sensitive condition (ACSC) hospitalization (Prentice and Pizer 2008) . ACSC hospitalizations are hospitalizations that are potentially avoidable with timely, high-quality outpatient care (AHRQ 2001 , AHRQ 2010 . Geriatric clinic patients who visited VA facilities with wait times of 29 days or more had a significantly higher probability of having an ACSC hospitalization. This study included facility-level fixed effects, which controlled for facility quality characteristics that are constant over time. Taken together, these studies suggested that delayed access to care was problematic in an elderly population with a wide range of clinical conditions. The present study expands our understanding of the effect of wait times on health care utilization and outcomes in a clinically homogeneous population by focusing on a population diagnosed with diabetes.
Managing Diabetes in an Outpatient Setting
Diabetes is a chronic condition that relies on timely outpatient care for appropriate management.
Complications from diabetes are minimized when providers focus on controlling blood glucose (HbA 1c ) levels and hypertension and monitor early signs of potential complications such as heart attack or foot ulcers (ADA 2005; Ross 2004; Stratton et al. 2000; DCCT 1996 DCCT , 2000 . Consequently, diabetes is a major focus of the ACSC hospitalizations (AHRQ 2001; AHRQ 2010) .
Elderly patients with diabetes may be at especially high risk of experiencing poor health outcomes if faced with delays in outpatient care. For example, as age increases, the physiological mechanisms that regulate blood sugar are impaired, increasing the risk of hypoglycemia (Chau and Edelman 2001; Hornick and Aron 2008) . Geriatricians have defined frailty as a biologic syndrome of decreased physiological reserves that increase vulnerability to stressors. Among frail patients, delays in responding to small changes in health status may significantly increase the risk of more serious health outcomes (Fried et al. 2004) . A higher prevalence of complex comorbid illnesses may also complicate diabetes management (Durso 2006) . Finally, many elderly patients have been living with diabetes for a long period of time. This sustained metabolic imbalance increases the risk and severity of microvascular or macrovascular complications compared to newly diagnosed patients (Durso 2006; Fowler 2008) .
Methods

Study Period and Study Population
Data are from VA administrative records and Medicare claims. This study measures outcomes from January 1, 2002 through December 31, 2003 with calendar year 2001 used as a baseline year for risk adjustment. We extract the sample from the VA Diabetes Epidemiology Cohorts database, a registry of all VA patients with diabetes since 1998. The criteria for identifying diabetes includes a prescription for diabetes medication in the current year and/or 2+ visits or stays with a diabetes code for inpatient and/or outpatient visits (VA and Medicare) over a two-month period (Miller, Safford, and Pogach 2004) . All veterans diagnosed with diabetes before 2001 are eligible to enter the sample.
Separating the sample selection period (diabetes diagnosis before 2001) from the measurement of outcomes (2002 and 2003) minimizes potential sample selection bias Pizer 2007, 2008) .
In order to maximize the completeness of utilization and diagnosis records we further limit the sample to veterans who were also eligible for Medicare during 2002 or 2003, according to the Medicare Denominator file. We exclude individuals who were enrolled in a Medicare HMO in 2001 because claims data for these enrollees are not available.
Eligibility for Medicare increases our confidence that we can observe all utilization among our sample of veterans between the VA and Medicare data. We also want to maximize our chances of observing a relationship between waiting times and health outcomes. Veterans who rely heavily on Medicare are less likely to be affected by VA waiting times. Consequently, we further restrict the sample to veterans with no Medicare outpatient visits in 2001.
Waiting Time Data
The main explanatory variable of interest is the wait until the next available appointment at a VA facility.
1 Services in the VA are provided at a parent station, such as a medical center, or a sub-station, such as a community-based outpatient clinic. Wait times are kept for each type of clinic appointment (e.g. urology) within a parent station and for all clinic appointments at a sub-station. To create a performance measure for tracking wait times, the VA aggregates wait times by appointment type to the parent station level on a monthly basis using a weighted average. The weight is the number of next available appointments at each sub-station that operate under a VA parent station (Baar 2005a (Baar , 2005b .
The wait time measure in this study focuses on clinics that provide primary care. Primary care doctors in the VA manage diabetes and refer patients to specialty care as needed (Helmer et al. 2008 ).
Consequently, primary care waits are a measure of the initial delays in accessing the VA system. Our wait time measure focuses on patients who are new to an appointment type (patients who have not had that type of appointment in the last 24 months). This is an overall measure of congestion at the facility.
We rely on new patients because VA operations staff found that waiting time data for established patients are unreliable. For these patients, VA scheduling clerks have to distinguish between requests for follow-up appointments that are desired later (e.g. three months out) and urgent care appointments that are desired as soon as possible. Including follow-up appointments in a next available appointment measure may erroneously lengthen the result (Baar2005a, Baar 2005b). VA managers have confirmed that nearly all new patients want the next available appointment (VHA 2008), so focusing on these patients minimizes this concern about data reliability.
Exogenous Wait Time Measure
Previous studies demonstrated that wait times based on services an individual actually uses were inappropriate for studying the effect of wait times on outcomes. Unobserved individual health status affects individual wait times as well as outcomes, because sicker patients were triaged to receive care faster Pizer 2007, 2008) . Although statistical controls for observable differences in health status will reduce the severity of this problem, it is not possible to measure health status precisely enough to eliminate it.
To properly isolate the effect of waiting on outcomes, we calculate a wait time that is exogenous to the individual. A detailed example of how this measure is constructed is presented in Appendix A.
Briefly, we construct a wait time that would apply to the same "representative" patient at each VA facility. We compute the proportion of each type of primary care clinic appointment used by the entire sample in the baseline period. This proportion is multiplied by the wait in days for each type of primary care appointment at a parent station in a month, and these products are summed for all primary care appointment types in the parent station. Multiplying the wait time for an appointment type by its proportion in the whole sample gives greater weight to the wait times of appointment types that are used more frequently by the entire sample. The result is a facility-level average wait time that is similar to measures used in published studies relating wait times to health outcome Pizer 2007, 2008 ).
This exogenous wait time is independent of whether or not a specific individual uses a specific VA facility. We take each individual's ZIP code from the Medicare denominator file in 2002 and 2003 and use it to assign them to the nearest VA facility. All individuals who are closest to the same VA facility are assigned the same exogenous facility-level monthly wait time.
Wait time is measured monthly, but it is often longer than 30 days. If a patient requests an appointment and has to wait, the impact of the delay will not typically be felt until the next month when the patient either has the appointment (short wait) or is still waiting (long wait). For this reason we use a lagged wait time measure in our models. It is also possible that the effect of delayed access might take some time to develop into an observable health outcome. To allow for this, we average together the wait times for the previous three months to predict health outcomes in the current month (e.g. average wait
for January-March 2002 to predict mortality in April 2002). This measure balances the need to accommodate delays in the development of the outcomes with the need to preserve the variation in wait times found in the data (longer averages smooth variation over time). The lagged 3-month average of wait time changes each month. For ease of interpretation, we scale the wait time measure by 10 days so that the unit of measure for VA wait time is an increase of 10 days.
Facility and Month Fixed Effects and Time Trend
The goal of this paper is to isolate the effect of primary care wait times on primary care utilization and health outcomes. To achieve this goal, a key aspect of our study design is the inclusion of fixed effects for each facility in the models. Including facility fixed effects has two main advantages:
1) alleviating concerns about casemix differences across facilities and 2) controlling for time invariant differences in facility quality.
The facility fixed effect adjusts for between-facility variation in wait times (e.g. wait time differences between Boston VA and Denver VA) and focuses the analysis on the monthly variation in wait times within facilities (e.g. differences between Jan. 02 and Feb. 02 at Boston VA). Since the identifying variation is within facilities and the sample is fixed in the baseline period, individual patients serve as their own controls. We are comparing individual patient outcomes in one month to outcomes for the same patients in other months. This design alleviates concerns about casemix differences across facilities.
The second advantage of including facility fixed effects is that they control for all aspects of facility quality that remain constant over time. For example, facilities with managerial inefficiencies may provide poor quality of care and have longer wait times. The poorer quality of care also increases the risk of poorer health outcomes independent of wait times. Facility fixed effects eliminate any potential confounding from such permanent differences in quality across facilities.
We also include month fixed effects to control for seasonal variation in health outcomes and a time variable that counts up the number of observations for each person (e.g. time=1 in the first uncensored month, 2 in the second uncensored month). These controls mean that any estimated relationship between wait times and health outcomes is identified exclusively by within-facility variations over time and is independent of national seasonal variations or trends. After isolating the identifying variation in wait times to within-facility variations over time, significant variation in wait times remained with 10% of the facility-months having a wait time of less than 36 days and 10% having a wait time of more than 61 days (Table 1) . Thirty-five percent of the wait time variation in our sample was attributed to within-facility variations over time (163/470=0.35).
Risk Adjustment and Other Explanatory Variables
We risk adjust models to control for observable differences in prior individual health status.
Explanatory variables include age, gender, race, comorbidities, distance to nearest VA medical center and VA community based outpatient clinic, and VA priority status. Veterans with a service connected disability (priority status 1-3) receive priority access and likely experience shorter waits.
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We extract diagnosis codes from all inpatient and outpatient encounters financed by VA and
Medicare during the 2001 baseline period. Our models include twenty-eight comorbidity indicator variables defined by Elixhauser et al. (1998) using ICD-9-CM diagnosis codes to risk adjust the outcomes. These comorbidities include a wide variety of physical and mental conditions such as heart disease, neurological disorders, depression, and substance abuse.
We use the diabetes severity index developed by Young et al. (2008) to control for diabetes severity. This index includes measures of complications from retinopathy, nephropathy, neuropathy, cerebrovascular disease, cardiovascular disease, peripheral vascular disease and metabolic disease. The individual is assigned a 0, 1, or 2 for each complication depending on its presence and severity (patients with neuropathy are given a 1 only; 6*2=12+1=13). ICD-9-CM codes from VA and Medicare outpatient and inpatient data for 2001 are used to determine the diabetes severity index for each individual.
Outcomes
We predict five outcomes: 1) monthly VA primary care utilization 2) mortality, 3) acute myocardial infarction (AMI), 4) stroke and 5) ACSC hospitalization (see Appendix B for a list of ACSC hospitalizations). We ascertain mortality using the VA Vital Status File, which determines the date of death from VA, Medicare and Social Security Administration data (Arnold et al. 2006 ). We use ICD-9-CM codes from VA and Medicare inpatient data to identify AMI, stroke and ACSC hospitalization.
Methodology from Petersen et al. (1999) and Kiyota et al. (2004) We hypothesize that longer VA primary care waits will lead to less VA primary care utilization per veteran. To test this hypothesis we use a negative binomial model to predict the number of VA primary care visits in a month (Table 3A) . 3 Coefficients from negative binomial models are difficult to interpret. Consequently, we run a policy simulation to illustrate the effect of increasing VA primary care wait times by one standard deviation (20.7 days) on VA primary care utilization (Table 3B) . To examine the effect of wait times on health outcomes, we estimate logistic regression models that predict the probability of experiencing each outcome in each month of the outcome period (Table 4) .
Like other samples of older veterans, our sample was predominantly male and in generally poor health (Table 2) . Looking across the rows in Table 2 for the health status variables, the prevalence of each comorbidity increased with age, with a few exceptions such as paralysis and mental health disorders. These conditions were more prevalent in the less than 65 group, likely reflecting a population that was eligible for Medicare because of disability. Overall, 72% of the sample was considered to have one of the selected health conditions during the baseline period with this percentage ranging from 73 to 75% for veterans aged 70 or older. The percentages of individuals who died, experienced an AMI, stroke or ACSC hospitalization increased with the presence of a selected health condition at baseline and with age (Appendix C).
Veterans who visited VA facilities with longer primary care wait times had significantly lower primary care utilization compared to veterans who visited VA facilities with shorter primary care wait times for the entire sample and for each stratified group (Table 3A) . 5 The size of the waiting time effect is illustrated in Table 3B , which predicts how VA primary care utilization would change with a one standard deviation increase (20.7 days) in wait time. For example, our model predicts that in the overall sample veterans had 0.349 primary care visits each month. An increase in wait times of 20.7 days was predicted to decrease the number of primary care visits to 0.338 visits per month. This translated into a predicted decrease in primary care utilization of 3.2. Generally, an increase of one standard deviation in wait time is predicted to decrease primary care utilization between 2 and 4%.
Longer waits for primary care did not significantly increase the odds of experiencing a poor health outcome for the overall sample (Table 4) . 5 In analyses stratified by age or selected health conditions, wait time did not consistently increase the odds of experiencing a negative health outcome.
Forty stratified models were run and wait time significantly increased the effect of experiencing a poor health outcome at P<0.10 in seven of these models. Except for the likelihood of experiencing an AMI, for which waiting had a significant effect at P=0.10 for veterans with a selected health condition at baseline, longer waits for primary care did not significantly predict poor health outcomes for veterans when the presence of a selected condition was considered but age was not. Longer waits for primary care significantly increased the risk of experiencing poor health outcomes for veterans aged 70 or more and diagnosed with a selected condition. A 10-day increase in facility-level primary care wait time led to a 2% (P=0.09) increase in the adjusted odds of mortality and a 6% increase in the adjusted odds of stroke (P=0.05) for this group. There was no significant relationship between primary care wait times and health outcomes for veterans aged less than 70 who were diagnosed with the selected conditions or veterans aged 70 or more who did not have these conditions. When stratifying by age only, the primary care wait time did not significantly increase the odds of experiencing a negative health outcome for veterans aged less than 70 years old. A 10-day increase in facility-level primary care wait time led to a 9% increase in the adjusted odds of stroke (P = 0.04) for veterans aged 70 to 74, and a 5% (P = 0.08) increase in the adjusted odds of AMI for veterans aged 75 to 79. For veterans 80 and older, the same 10-day facility-level change in wait time was associated with a 4% (P=0.04) increase in the adjusted odds of mortality and a 3% (P=0.04) increase in the adjusted odds of ACSC hospitalization.
Discussion
There is a strong consensus that complications from diabetes can be prevented or minimized if the disease is consistently managed in an outpatient setting (ADA 2005; Ross 2004; Stratton et al. 2000; DCCT 1996 DCCT , 2000 . Long waits for outpatient care are hypothesized to be problematic because decreases in utilization compromise the management of diabetes and increase the risk of poor health outcomes. In this sample of veterans with diabetes, longer waits for primary care modestly reduced primary care utilization (Table 3 ). An increase in wait times of 21 days is predicted to decrease primary care utilization by only 2 to 4%.
Results from this study provide no consistent support for the hypothesis that longer wait times negatively affect health outcomes, a general finding best illustrated by the lack of a significant relationship between longer primary care wait times and health outcomes for the overall sample (Table   4 ). Long wait times were hypothesized to significantly increase the risk of poor health outcomes, especially among elderly patients. Stratified analyses by selected health condition and age found small significant effects on health outcomes in only a few cases (Table 4) .
Two aspects of our study design may cause our results to be overestimated. First, analyses include facility-level fixed effects, month dummies and a time trend. This design isolates the effect of wait times on health outcomes by focusing on month-to-month changes in wait times within facilities and by controlling for aspects of facility quality that remain constant over time. The principal limitation of this design is that we cannot completely rule out alternative explanations for our findings, including reverse causation and omitted variables. An example of reverse causation is an unobserved local flu epidemic at a VA facility that may increase wait times and cause poorer health outcomes that are not attributable to longer wait times. An example of omitted variable bias is a change in facility management that could simultaneously improve quality, reduce waiting times and improve outcomes through better resource allocation. The key to these explanations is that they feature unobservable local changes that are correlated with both local waiting time variations and local outcome changes. Either of these situations would cause our estimates to be overstated. In the absence of truly random variation in waiting times, this limitation is unavoidable. Second, it is also possible that our use of the number of days until the next available appointment for new patients as our wait time measure when our study population consists of established patients could cause our estimates to be overstated. This would occur if established patients do not experience longer waits when new patients do. We chose to use the new patient wait time because of its reliability (VHA 2008) and because our own experience suggests that congestion affects both new and established patients. These limitations in combination with an inconsistent pattern in the few significant results means we cannot formally conclude that wait times had a substantial effect on long-term health outcomes.
Our exogenous measure of wait time may also cause our results to be underestimated. By construction this variable is removed from the patient and is therefore an imprecise measure of congestion faced by individual patients. Imprecision in independent variables, or measurement error, causes estimated effects to be attenuated (biased towards zero). For this reason, the true effects of wait times on utilization and health outcomes could be larger than our estimates.
The lack of a significant effect of wait times on the long-term health outcomes in this study is divergent from previous research that finds a significant effect of timely access to care on short-term health outcomes in a population with diabetes. Subramanian et al. (2009) and Prentice et al. (2011) found patients visiting clinics providing more timely access had lower HbA 1c levels compared to patients visiting clinics with less timely access. Quality improvement programs that achieve the largest improvements in HbA 1c levels include timely access to care components, such as pharmacists who can adjust medication without waiting for physician authorization (Shojania et al. 2006) . One reason why timely access might improve short-term outcomes is that a "white coat effect" has been found on medication adherence where patients are more likely to adhere to medications right before and after doctor's appointments (Cramer, Scheyer, and Mattson 1990; Ho, Bryson, and Rumsfeld 2009) .
Decreased overall utilization due to long waits as found in this study may decrease medication adherence, which in turn compromises HbA 1c , blood pressure and lipid control. The discrepancy between our findings and previous research predicting short-term outcomes may be simply due to the fact that long-term outcomes take a long time to develop whereas short-term health outcomes can respond more quickly to longer waits and decreased utilization.
Although we cannot conclude there was any significant effect on health outcomes in this study, findings from this research highlight the need for further study of the effect of wait times on long-term outcomes, especially among the elderly. The few significant effects found in this study corresponded to those over age 70 with one of the selected conditions or in certain narrower age groups and they all point in the same direction, with longer waits associated with undesirable outcomes (Table 4) . This is consistent with previous studies that found relationships between waiting for outpatient care and mortality and ACSC hospitalizations for a sample of geriatric veterans Pizer 2007, 2008) .
Despite the need for additional research, there are ongoing policy implications to which this study is relevant. Managers and policymakers debate the most effective scheduling policies to best serve the needs of all patients (Mehrotra, Keehl-Markowitz, and Ayanian 2008; Murray and Berwick 2003) . Proponents of open access (e.g. next day (OA)) scheduling argue that the process of triaging decreases supply and unnecessarily increases demand (Murray and Berwick 2003) . Others argue that the cost of triaging is smaller than the health benefits of providing priority access to patients with observable medical needs (Gravelle and Siciliani 2009 ).
VA official policy requires VA medical centers to provide care for urgent health care needs but then prioritizes patients' access to other care by the presence and extent of a service-connected disability (VHA 2002 (VHA , 2006 . Our results suggest this is a reasonable approach for patients diagnosed with diabetes. Veterans who visited VA facilities with longer waits had slightly less primary care utilization compared to veterans who visited facilities with shorter waits but there was no significant increase in the risk of experiencing a long-term health outcome for the former group.
The lack of a significant effect of waiting for health care on health outcome among this population of patients does not preclude a negative effect of waiting for care on other patient populations. Studies have repeatedly found that longer waits for outpatient care compromise short and long-term health outcomes on a variety of patient populations including patients with diabetes (Prentice et. al 2011; Subramanian et al. 2009 ) and vulnerable geriatric clinic populations (Prentice and Pizer 2007; 2008) . In contrast, Subramanian et al. (2009) found that diabetes processes of care (e.g. HbA1c testing) suffered in OA clinics versus control clinics resulting in fears that OA scheduling increased focus on acute care management and crowded out long-term chronic disease management. If so, getting patients into outpatient care as soon as possible may not be the most effective approach and having everyone wait longer to ensure appropriate processes are followed may be better. Policymakers and clinicians should think carefully about the cost and benefits of scheduling procedures for different patient populations to ensure high-quality care and prevent poor health outcomes.
Notes
1. For ease of presentation, "facility" and "parent station" are used interchangeably throughout the paper to refer to a VA medical center.
2. Service-connected disability is a condition that the VA has determined was incurred in or aggravated by military service.
3. We also test the hypothesis that veterans would substitute Medicare for VA care and total utilization would not go down. We estimate negative binomial models predicting total Medicare outpatient utilization using average VA wait time and find no significant relationship.
4. Sample sizes for each negative binomial and logistic regression model are included in Tables 3 and 4 . Sample sizes change for each model because different months are censored due to hospitalization, nursing home stays and Medicare HMO enrollment. Finally, if there was no variation in outcome for all observations under a VA facility or for all individuals diagnosed with the same comorbidity all observations from that VA facility or diagnosed with the comorbidity are dropped. This was more common in the AMI and stroke models where the outcomes are rare.
5. Full results from utilization and health outcome models are available from the authors upon request. Young et al.(2008) or anyone with congestive heart failure, cardiac arrhythmias, valvular disease, peripheral vascular disease, renal failure or obesity according to Elixhauser et al. (1998) . 0.361 0.347 -3.9 †Selected health condition is defined as anyone diagnosed with retinopathy, neuropathy, nephropathy, cardiovascular, cerebrovascular, peripheral vascular or metabolic disease according to Young et al.(2008) or anyone with congestive heart failure, cardiac arrhythmias, valvular disease, peripheral vascular disease, renal failure or obesity according to Elixhauser et al. (1998) . *The coefficient, standard error and P-value for the VA wait time is shown. Wait time is divided by 10 so the coefficient reflects a 10 day increase in wait time. Models also include Elixhauser comorbidities, diabetes severity index, distance to nearest VA medical center, distance to nearest VA outpatient clinic, station-level fixed effects, demographics, time since entering the sample and month dummies. Full results are available from the authors upon request. Since this parent station uses all clinic appointment types and has no missing wait times, the wait time is constructed by multiplying the wait in days for each appointment type by the national proportion of appointments associated with each clinic type.
The wait time for station 1 in February is: (0.97*15.2)+(0.02*0.0)+(0.01*22.5)=14.97 days. For geriatric primary care appointments, the wait time is imputed with 0 because the wait time for this appointment type is missing in the February data. This indicates no next available appointments are scheduled for geriatric primary care in February. Since there is a wait time for geriatric primary care in January, it is assumed that there is no waiting for geriatric primary care appointments in February and patients could get in right away.
There are no appointments or wait times for women's clinic in either January or February for the Women's Clinic for Station 2. Station 2 is assumed not to use Women's clinic and the 1% of appointments that are attributed nationally to the Women's Clinic is redistributed evenly among the other 2 primary care appointment types so the proportions add up to 1. The proportions for Station 2 for primary care are 0.975 (compared to 0.97 nationally) and for geriatric primary care 0.025 (compared to 0.02 nationally).
All patients that lived closest to the same VA facility are assigned the same exogenous facility-month wait time corresponding to that facility. 
